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Simple Summary: The description of the vocal repertoire represents a critical step before deepening
other aspects of animal behaviour. Repertoires may contain both discrete vocalizations—acoustically
distinct and distinguishable from each other—or graded ones, with a less rigid acoustic structure.
The gradation level is one of the causes that make repertoires challenging to be objectively quantified.
Indeed, the higher the level of gradation in a system, the higher the complexity in grouping its
components. A large sample of Indri indri calls was divided into ten putative categories from
the acoustic similarity among them. We extracted frequency and duration parameters and then
performed two different analyses that were able to group the calls accordingly to the a priori categories,
indicating the presence of ten robust vocal classes. The analyses also showed a neat grouping of
discrete vocalizations and a weaker classification of graded ones.
Abstract: Although there is a growing number of researches focusing on acoustic communication,
the lack of shared analytic approaches leads to inconsistency among studies. Here, we introduced
a computational method used to examine 3360 calls recorded from wild indris (Indri indri) from
2005–2018. We split each sound into ten portions of equal length and, from each portion we extracted
spectral coefficients, considering frequency values up to 15,000 Hz. We submitted the set of acoustic
features first to a t-distributed stochastic neighbor embedding algorithm, then to a hard-clustering
procedure using a k-means algorithm. The t-distributed stochastic neighbor embedding (t-SNE)
mapping indicated the presence of eight different groups, consistent with the acoustic structure of the
a priori identification of calls, while the cluster analysis revealed that an overlay between distinct call
types might exist. Our results indicated that the t-distributed stochastic neighbor embedding (t-SNE),
successfully been employed in several studies, showed a good performance also in the analysis of
indris’ repertoire and may open new perspectives towards the achievement of shared methodical
techniques for the comparison of animal vocal repertoires.
Keywords: lemurs; vocal communication; unsupervised analyses
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1. Introduction
Recent technological innovations in many areas of animal behavioral research, allow the collection
of huge, complex, and often high-dimensional data sets. These can be daunting to be analyzed
and may fail to satisfy the assumptions required by common statistical models [1]. Still, despite
the high-dimensionality, because of the redundancy and multicollinearity of variables, data can be
reduced and represented by fewer features [1]. The data reduction, indeed, allows the decrease of
the storage amount and that of computational time, an easier understanding of data distribution,
the improvement of visualization, classification and clusterization of high dimensional data [1,2].
Moreover, the dropping of uninformative attributes may help to highlight the best predictors and
to improve the model’s accuracy [1,3]. Dimensionality reduction can be performed with different
kinds of procedures [1,2]: Classical methods like the metric multi-dimensional scaling (MDS) [4]
and the principal components analysis [5] are fast and efficient but they may fail to identify the real
structure of datasets when they contain a nonlinear configuration [6]. Both techniques also embed
a cost function more reliable with the modeling of large dissimilarities rather than the small ones.
Therefore, they may not provide a good visualization of data [6,7]. More recent methods, such as the
stochastic neighbor embedding (SNE) [8] or the local linear embedding (LLE) [9], aim to represent
the similarity structure of objects by involving a two-dimensional visualization, where the higher
the similarity between pairs, the less the distance between them [7]. The SNE foundation is the
modeling of pairwise similarities by transforming Euclidean distances into likelihoods of selecting
neighbors [2] and, being centered on a probabilistic model, it uses different bi-dimensional spaces and
combines them into a single model of similarity, therefore leading to a good visualization of data [7].
Still, albeit the latter, massive use of the SNE is prevented because of its “crowding problem” (the
tendency to pack points together in the center of the plan) and because it uses a cost function difficult
to be optimized [10]. We used a variation of stochastic neighbor embedding [8] the t-distributed
stochastic neighbor embedding (t-SNE) [10] that differs from the first one by using a symmetrized
variant of the SNE cost function with simpler gradients as introduced by Cook, J.A. et al [7]. It
also uses a Student’s t-distribution to compute the pairwise dissimilarities in low-dimensional space,
instead of a Gaussian distribution [10]. The t-SNE heavy-tailed distribution allows confining both
the optimization and the crowding problem of SNE, producing notably improved visualization [10].
Since its introduction, due to its flexibility, efficiency, and accuracy, various studies successfully
applied the t-SNE and its extensions to the visualization and the classification of different kinds of
objects: Paintings [11], single nucleotide polymorphisms (SNPs) [12], data collected by computer-aided
diagnosis systems (CADx) [13], and high-dimensional cytometry data in mouse tumors [14]. t-SNE
has also been employed in several studies investigating a wide range of acoustic aspects: To solve
problems in the estimation and characterization of pitch content in musical audio [15], to examine
similarities among words and phrases in natural language processing [16], to visualize relevant selected
features of audio data [17], to characterize singing styles and to discriminate vocal and non-vocal
contours [18], and to perform a dimensionality reduction in the building of an efficient technique
of speaker recognition [19]. Still, this promising technique has hitherto rarely been applied to the
study of animal behavior in general (stereotyped behavior of freely moving fruit flies, Drosophila
melanogaster) [20], and never to investigate animals’ vocal behavior. However, vocal repertoires may
represent an ideal model for this kind of analysis. Indeed, the sounds investigation often implies the
analyses of huge, high-dimensional datasets [21]. We used t-SNE to analyze the vocal repertoire of Indri
indri, the largest living lemur and the only one producing coordinated vocal displays. Nonetheless, the
particular song is not the only noteworthy trait of the species, which also possesses an interesting vocal
repertoire. Non-human primates’ vocal repertoires have been usually classified either as discrete (e.g.,
Macaca fuscata [22]; Macaca Sylvanus [23], with acoustically distinct call types clearly distinguishable
from each other, or graded (e.g., Cercopithecus diana [24]; Cercopithecus nictitans [25]), when the acoustic
structure of the vocalizations does not show neat boundaries between call types [26–28]. Yet, the
dividing line between these two categories is not always clear and the classification of a whole repertoire
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as either continuous or discontinuous, may constitute an oversimplification [27,29], as repertoires may
show both graded and discrete features (e.g., Papio ursinus [29]; Cercopithecus neglectus, Cercopithecus
campbelli, Cercocebus torquatus, [30]), and the differentiation within vocal types may occur to varying
degrees [31,32]. Traditionally, a large number of studies relied on the comparison of sounds similarity
using clustering methods [33] based on acoustic features extracted from spectrograms. Still, although
these algorithms showed good results in the classification of sounds, they could fail to describe the
graded transition of call types that may occur in vocal repertoires [29]. Moreover, the gradation level
is precisely one of the main reasons for the lack of consistency in vocal repertoire sizes assessments.
Indeed, the higher the level of gradation, the higher the potential for information diffusion but also the
higher the complexity in grouping the components of a system [28]. We expected to find a repertoire
containing both graded and conspicuous signals [29,30] and, according to the call social function
hypothesis, an acoustic variation of calls associated with their function [27,28,30,34]. Calls related
to social contexts show the highest variation level when associated with affiliative value, while the
highest level of stereotypy is associated with agonistic contexts (Cercopithecus campbelli [35]); alarm calls
show an intermediate gradation level. Hence, we expected to find great flexibility in those calls having
an affiliative social function, a rigid structure of signals associated with negative contexts, and an
intermediate variation in the alarm calls. Accordingly, in agreement with Peckre and colleagues [28],
we expected to find a clearer clusterization of discrete calls and a weaker grouping accuracy of graded
ones. Finally, in agreement with the “social complexity–vocal complexity hypothesis” [30] and the
social complexity hypothesis for communicative complexity [28], we expected indris to possess a
small repertoire size if compared to that of other lemurs [21] or other primates [36] living in larger
social groups.
2. Materials and Methods
2.1. Data Collection
We recorded spontaneous vocalizations of 18 groups of indris at four different forest sites:
Six groups (1R, 2R, 3R, 5R, 6R, and XR) were recorded in Analamazaotra Special Reserve (18◦56′ S,
48◦25′ E), one group (1M) in Mantadia National Park (18◦28′ S, 48◦28′ E), three groups (ASF, YSF, and
WSF) in Mitsinjo Forest Station (18◦56′ S, 48◦24′ E), eight groups (1MZ, 2MZ, 3MZ, 4MZ, 5MZ, 6MZ,
8MZ, and 10MZ) in Maromizaha Forest New Protected Area (18◦56′ S, 48◦27′ E). Data from all forest
sites, apart from Maromizaha, were collected from 2005–2008. Indris inhabiting the Maromizaha forest
were sampled from 2008–2018. Recordings were collected using a Sennheiser shotgun ME 66 and ME 67
(Sennheiser electronic GmbH & Co. KG, Wedemark, Hanover, Germany) and AKG CK 98 microphones
(AKG Acoustics, Harman International Industries, Vienna, Austria). The signals were recorded at
a sampling frequency rate of 44.1 kHz using a solid-state digital audio recorder: Marantz PMD671
(Marantz, Kew Gardens, NY, USA), SoundDevices 702 (Sound Devices, LLC, Reedsburg, WI, USA),
Olympus S100 (Olympus Corporation, Shinjuku, Tokyo, Japan), or Tascam DR-100MKII 24 bit/96 kHz
(TEAC Corporation, Montebello, CA, USA), with a 16-bit amplitude resolution. Vocalizations were
recorded at a distance from 2–10 m since all the study groups were habituated, and all efforts were made
to ensure that the microphone was oriented toward the vocalizing animal. Focal animal sampling [37]
and the presence of individual-specific natural marks, allowed the attribution of each vocalization to a
signaler. Only spontaneous utterances were recorded, avoiding the use of playback stimuli.
2.2. Acoustical Analysis
We visually inspected all recordings using spectrograms (Praat 6.0.28) (Phonetic Sciences,
University of Amsterdam, Amsterdam, The Netherlands) [38] and then cut high-quality vocal
emissions, normalized, saved into single files (n = 3360), and assigned to nine putative categories
on the basis of their acoustic and spectrographic evaluation, according to the vocal types identified
in a previous study [39]: Clacsons (n = 622), grunts (n = 1145), hums (n = 418), kisses (n = 296),
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long tonal calls (n = 31), roars (n = 62), short tonal calls (n = 44), wheezes (n = 150), and wheezing
grunts (n = 297). Moreover, all indris within a familiar group participate in a chorusing song, mainly
consisting of harmonic frequency modulated notes [40]. We also isolated units from the songs and
grouped them in a tenth category (songbits, n = 295). Eight vocal types and 1275 vocalizations out of
3360 were included in a previous analysis [39]; wheezing grunts were previously identified [41] but not
detected by Maretti and colleagues [39], and song units were not considered in that former repertoire
description. For each call, we extracted spectral coefficients using a custom-made script in Praat [38].
The script first calculated the overall duration of a sound and then split it into ten portions of equal
length. For each portion, the frequency range between 50 Hz and 15,000 Hz was divided into sets of
frequencies called bins or bands (e.g., 50–500 Hz, 501–1000 Hz, 1001–1500 Hz, and 2001–2500 Hz).
For each bin, we extracted the energy value using the function ‘Get band energy’ in Praat. The resulting
dataset contained 3360 samples with 151 attributes for each; one hundred and fifty parameters were
frequency parameters, the last was the duration of sounds.
2.3. Acoustic Embedding and Classification Procedure
We embedded the spectral features vectors into a bi-dimensional space using t-distributed
stochastic neighbor embedding [10] with a Barnes-Hut implementation, using the Rtsne package [42]
in R (R Core Team 2018; version 3.5.1, R Foundation for Statistical Computing, Vienna, Austria) [43].
We then used the t-SNE model (perplexity = 40, theta = 0.5, dims = 2) to group the cases, using
k-means clustering [44]. t-SNE was also used for data visualization. We then used the WEKA 3.8
(Waikato Environment for Knowledge Analysis) [45] machine learning tool for the implementation of
two classification algorithms. We applied multi-layer perceptron (MLP) [46,47], for the quantitative
categorization of both the cluster assignment and the vocal type prediction, using the 67% of the dataset
to train the neural network. We then computed two mean confusion matrices, one from the vocal
types assigned a priori and the classes predicted by the MLP, the other one from the cluster assigned
with the t-SNE procedure and the classes predicted by the network. Finally, to compare the results
of the t-SNE cluster assignment to that of a k-means clustering (with k = 7, calculated through an
average silhouette width) performed on a dataset reduced with a principal components analysis (and




The t-SNE algorithm identified eight clouds (Figure 1a), we, therefore, performed a k-means
clustering with k = 8. As highlighted in Figure 1a,b, the analysis recognized eight different clusters;
all groups but three were consistent with the acoustic structure of the a priori identification. Cluster one,
two, and three exclusively contain a vocal type each: Wheezing grunts (Figure 2f, Figure S1e), songbits
(Figure 2i, Figure S2c), and clacsons (Figure 2j, Figure S2b), respectively (Table 1). Kisses and wheezes
(Figure 2d,e, Figure S1c,d) were grouped in cluster five (66.37% and 33.63%, respectively), while grunts
and hums (Figure 2b,c, Figure S1a,b) were both included in clusters four, seven, and eight. Specifically,
cluster four contained mainly grunts (85.04%) and a small percentage of hums (14.96%); cluster seven,
just as cluster four, comprised mostly grunts (99.00%). Conversely, cluster eight included a great
portion of hums (82.06%) and a smaller part of grunts (17.94%). Short tonal (Figure 2g, Figure S1f),
long tonal calls (Figure 2h, Figure S2d), and roars (Figure 2k, Figure S2a), although emerging as single
clouds in the map, were grouped together in cluster six (respectively, 22.63%, 45.36%, and 32.12%,
Table 1).
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Figure 1. Bi-dimensional representation of the whole sample of sounds obtained initializing the t-
distributed stochastic neighbor embedding (t-SNE) algorithm with perplexity = 40 and theta = 0.5. (a) 
Output of the t-SNE mapping combined with the k-means clustering results. (b) Remapping of the t-
SNE output with the a priori classification and distribution of the vocal types in the clouds identified 
by the algorithm (cl = clacsons, gr = grunts, grh = wheezing grunts, hu = hums, ki = kisses, lt = long 
tonal calls, ro = roars, sb = songbits, st = short tonal calls, and wh = wheezes). 
Figure 1. Bi-dimensional representation of the whole sample of sounds obtained initializing the
t-distributed stochastic neighbor embedding (t-SNE) algorithm with perplexity = 40 and theta = 0.5.
(a) Output of the t-SNE mapping combined with the k-means clustering results. (b) Remapping of the
t-SNE output with the a priori classification and distribution of the vocal types in the clouds identified
by the algorithm (cl = clacsons, gr = grunts, grh = wheezing grunts, hu = hums, ki = kisses, lt = long
tonal calls, ro = roars, sb = songbits, st = short tonal calls, and wh = wheezes).
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ranging from 58.76% for the wheezing grunts to 100.00% for the long tonal calls and roars. Clacsons 
and songbits were almost totally correctly classified (99.03% and 98%, respectively). The classification 
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Vocal Type TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area 
CL 0.99 0.00 0.99 0.99 0.99 0.988 1.00 1.00 
GR 0.82 0.08 0.84 0.82 0.83 0.74 0.94 0.88 
GRH 0.71 0.04 0.59 0.71 0.64 0.61 0.96 0.65 
HU 0.83 0.02 0.85 0.83 0.84 0.81 0.98 0.90 
KI 0.79 0.02 0.78 0.79 0.78 0.76 0.98 0. 87 
LT 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 
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Figure 2. (a) Distribution of the vocal types in the clouds identified by the t-SNE map and their
spect ographic representati n: (b) Grun , (c) hum, (d) wheeze, (e) k ss, (f) wheezing grunt, (g) short
tonal call, (h) long tonal c ll, (i) songbit, (j) clacson, and (k) roar. Almo t all class s (except kisses and
wheezes and hums a d grunts were well separated. Spect g ams—frequency (kHz) on the y-axis
and time (s) on the x-axis—were obtained with Hanning window, 512 samples, 0% overlap, and no
zero-padding using the Seewav package [48,49].
Table 1. Distribution of the vocal types in the eight clusters (expressed in %). Cl: clacsons; GR: grunts;
GRH: wheezing grunts; HU: hums; KI: kisses; LT: long tonal calls; RO: roars; SB: songbits; ST: short
tonal calls; WH: wheezes.
Cluster CL GR WG HU KI LT RO SB ST WH
1st 0.00 0.00 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
2nd 0.00 0.00 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00
3rd 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
4th 0.00 85.04 0.00 14.96 0.00 0.00 0.00 0.00 0.00 0.00
5th 0.00 0.00 0.00 0.00 66.37 0.00 0.00 0.00 0.00 33.63
6th 0.00 0.00 0.00 0.00 0.00 22.63 45.26 0.00 32.12 0.00
7th 0.00 99.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00
8nd 0.00 17.94 0.00 82.06 0.00 0.00 0.00 0.00 0.00 0.00
3.2. Call Recognition
For the quantitative categorization of both the cluster assignment and the vocal type prediction,
the network we selected, trained for 500 iterations yielded the best performance by using a learning
rate = 0.2 and momentum = 0.2. The correct attribution for the vocal type prediction achieved the
85.57% (n = 949, kappa statistic: 0.820; mean absolute error: 0.034; root mean squared error: 0.157;
Table 2). The network recognized all vocal categories with percentages of correct classification ranging
from 58.76% for the wheezing grunts to 100.00% for the long tonal calls and roars. Clacsons and
songbits were almost totally correctly classified (99.03% and 98%, respectively). The classification
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of grunts achieved lower performances (84.25%), hums (84.56%), kisses (77.89%), short tonal calls
(75.00%), and wheezes (78.57%, Table 3).
Table 2. Vocal type assignment detailed accuracy by class. TP rate: Rate of true positives; FP rate:
Rate of false positives; precision: Proportion of instances that are truly of a class divided by the total
instances classified as that class; F-measure: Combined measure for precision and recall; ROC area:
Receiver operating characteristics measurement area; PRC area: Precision recall area.
Vocal Type TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area
CL 0.99 0.00 0.99 0.99 0.99 0.988 1.00 1.00
GR 0.82 0.08 0.84 0.82 0.83 0.74 0.94 0.88
GRH 0.71 0.04 0.59 0.71 0.64 0.61 0.96 0.65
HU 0.83 0.02 0.85 0.83 0.84 0.81 0.98 0.90
KI 0.79 0.02 0.78 0.79 0.78 0.76 0.98 0. 87
LT 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00
RO 0.81 0.00 1.00 0.81 0.90 0.90 1.00 0.98
SB 1.00 0.02 0.98 1.00 0.99 0.99 1.00 1.00
ST 0.69 0.00 0.75 0.70 0.72 0.72 0.98 0.76
WH 0.75 0.01 0.79 0.75 0.77 0.76 0.95 0.84
Weighted Average 0.86 0.04 0.86 0.86 0.86 0.82 0.97 0.90
Table 3. Confusion Matrix on vocal type prediction. Cl: clacsons; GR: grunts; GRH: wheezing grunts;
HU: hums; KI: kisses; LT: long tonal calls; RO: roars; SB: songbits; ST: short tonal calls; WH: wheezes.
Classified As A B C D E F G H I J
CL 99.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.76
GR 0.00 84.25 38.14 14.09 10.53 0.00 0.00 0.00 0.00 4.76
GRH 0.00 4. 99 58.76 0.00 4.21 0.00 0.00 0.00 0.00 0.00
HU 0.00 6.30 1.03 84.56 0.00 0.00 0.00 0.00 0.00 2.38
KI 0.00 3.15 1.03 0.67 77.89 0.00 0.00 0.00 16.67 9.52
LT 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 0.00
RO 0.97 0.00 0.00 0.00 0.00 0.00 100.00 2.00 0.00 0.00
SB 0.00 0.00 0.00 0.00 0.00 0.00 0.00 98.00 0.00 0.00
ST 0.00 0.79 0.00 0.67 0.00 0.00 0.00 0.00 75.00 0.00
WH 0.00 0.52 1.03 0.00 7.37 0.00 0.00 0.00 8.33 78.57
The model built for the cluster assignment showed better results. A total of 1109 instances were
correctly classified in 1059 cases (95.49%, kappa statistic: 0.947; mean absolute error: 0.016; root mean
squared error: 0.088; Table 4). The network recognized all clusters with high percentages of correct
classification (Table 5). Five groups (clusters 1, 3, 5, and 6) were entirely correctly classified, with a rate
of correct assignment of 100%. The last three groups’ classification showed almost as good results.
The lowest performance was achieved by cluster 4 that was correctly classified in 85.35% of cases.
Cluster 7 and cluster 8 showed the highest results: The first was correctly classified in 96.92%, while
the second reached 95% of correct assignation. These groups, containing almost the totality of cases
misclassified with respect to the clustering assignment, corresponded to the clusters showing a less
homogeneous composition (Table 1): Cluster 4 and 7, contained mainly grunts (85.04% and 99.00%,
respectively) and smaller percentages of hums (14.96% and 1%, respectively). On the other side, cluster
8 included a great portion of hums (82.06%) and a smaller part of grunts (17.94%). The third model,
built using the PCA-based clustering as class, showed slightly weaker results when compared to the
t-SNE model (93.05% vs. 95.49%; kappa statistic: 0.897; mean absolute error: 0.02; root mean squared
error: 0.13).
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Table 4. Cluster assignment detailed accuracy by class. TP rate: Rate of true positives; FP rate: Rate of
false positives; precision: Proportion of instances that are truly of a class divided by the total instances
classified as that class; F-measure: Combined measure for precision and recall; ROC area: Receiver
operating characteristics measurement area; PRC area: Precision recall area.
Cluster TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area
3rd 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00
1st 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00
4th 0.96 0.05 0.85 0.96 0.90 0.88 0.99 0.97
7th 0.83 0.00 0.97 0.83 0.90 0.88 1.00 0.98
8th 0.88 0.01 0.95 0.88 0.92 0.91 1.00 0.98
5th 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00
6th 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00
2nd 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00
Weighted Average 0.95 0.01 0.96 0.95 0.95 0.95 1.00 0.99
Table 5. Confusion Matrix on cluster assignment.
Classified as A B C D E F G H
3rd 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1st 0.00 100.00 0.00 0.00 0.00 0.00 0.00 0.00
4th 0.00 0.00 85.35 3.08 5.00 0.00 0.00 0.00
7th 0.00 0.00 9.16 96.92 0.00 0.00 0.00 0.00
8th 0.00 0.00 5.49 0.00 95.00 0.00 0.00 0.00
5th 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00
6th 0.00 0.00 0.00 0.00 0.00 0.00 100.00 0.00
2nd 0.00 0.00 0.00 0.00 0.00 0.00 0.00 100.00
4. Discussion
We described the use of a computationally simple but powerful method applied in the automatic
recognition of acoustic signals. The t-SNE embedding and the use of MLP allowed an efficient analytical
performance: Our results indicate that it was possible to automatically identify vocal types by using
a dataset consisting of high-dimensional vector representations of objects, assigning similarities
between those objects as conditional probabilities [10]. Still, although both t-SNE [15–19] and neural
networks [50,51] are widely used to analyze acoustic characteristics in a wide range of research fields,
ours represents the first attempt to combine these kinds of computational tools and apply them to the
identification of vocal repertoire in nonhuman primates. Our findings support what was found in
a previous analysis on indris’ vocal repertoire [39]. Indeed, our analysis confirmed the presence of
the eight call types emerged in the study, but we also identified two further categories: The songbits,
consisting of all units given by an indri during the choral song of the group, were not considered to the
purposes of the qualitative assessment of Indri indri vocal repertoire; and the wheezing grunts [41],
particular vocalizations given after agonistic physical interactions (pers. obs.), were not detected by
Maretti and colleagues [39]. Albeit our analysis allowed us to easily distinguish the different vocal
types, the algorithm’s map contained some points clustered within the wrong class. Most of these
points correspond to sounds belonging to vocal classes showing a certain degree of gradation one
another and therefore may be difficult to be identified [29]. In particular, we found an overlay between
hums and grunts and kisses and wheezes. Hums (also known as weak grunts) [52] and grunts are both
low-frequency and low-intensity calls; hums show a more defined harmonic structure when compared
to grunts that, in contrast, show a clearer and low-pitched pulsed structure [39].
Furthermore, hums serve as group-cohesion calls [39] and their gradation level is following
what was found in Campbell’s monkeys (Cercopithecus campbelli), where calls associated with high
affiliative social values show an elevated gradation level [35]. The great gradation in these calls
may allow for flexible usage and the encoding of multiple elements of information, in agreement
with the findings of Keenan and colleagues on Cercopithecus campbelli [27]. Overall, our results are in
line with findings on red-capped mangabeys (Cercocebus torquatus), whose contact calls show more
acoustic dissimilarity than long-distance and alarm signals [53], in contrast with findings on chacma
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(Papio ursinus), olive (P. anubis), and Guinea (P. papio) baboons, whose loud calls are more differentiated
than grunts [54]. Kisses and wheezes, on the other hand, are both brief medium-intensity vocalizations,
often uttered together (85% of cases) [39]. They are stress-related vocalizations that can be emitted
as contact-rejection call, before a song, or in response to anxiety-causing stimuli [39,41,55]. In our
analysis, the categories identification relied on a human visual assessment, and the vocal classes
grouping, although supported by our findings, may imply dissimilarities perceived by humans but not
necessarily by the species [56,57]. Moreover, in agreement with what was hypothesized, our results
indicated the presence of signals showing features of both conspicuousness and gradedness, as found
in other primate species [27,29,30] and the analysis showed a stronger accuracy in the classification
of discrete calls, than that of graded ones [28]. We expected the variation of calls to be associated
with their social function [35], with calls having affiliative value showing the highest variation level,
calls associated with agonistic contexts showing the highest stereotypy, and alarm calls showing an
intermediate gradedness. This prediction was not entirely supported by our results, as we found the
two alarm calls (roars and clacsons), well separated from one another. The result seems instead to be in
line with studies on calls referentiality [58–60]. Additionally, the roars were grouped together with
long tonal and short tonal calls; these three vocal types are the only with a chaotic component [39] and
the result may depend by their spectral features, known to affect the vocalization recognition [21,61].
Finally, in agreement with the social complexity–vocal complexity hypothesis [30] and the
social complexity hypothesis for communicative complexity [28], the vocal repertoire size is directly
proportional to the group size. We expected indris to possess a small repertoire size compared to
that of other lemurs [21] and other primates [36] living in larger social groups. A ten-categories vocal
repertoire and an average group size of four to six individuals, seemed not to be in line with this
theory, in accordance with findings on Eulemur rubriventer, owning a vocal repertoire of 14 vocal
types and a group size of about three individuals [21]. Notably, both species also show a stable social
monogamous organization [62,63], in agreement with the hypothesis stating that the diversity in
communication signals may be favored by an egalitarian social structure or a stable social group [64].
These findings are also in agreement with the studies on Asian colobines Pygathrix nemaeus [65] and
Nasalis larvatus [66,67], showing a repertoire size smaller or similar to that of indris, compared to an
average group size sometimes even significantly higher.
5. Conclusions
As earlier hypothesized, the vocal repertoire structure may be determined by both the species’
environment and social structure [68]. This could also be for the indris’ case, where the presence of loud
and discrete calls, like alarm calls [27,68] and even the song, may have evolved to cope with a noisy
environment and poor visual ranges, like that of dense rainforests, to reduce the misinterpretation of
signals in the long-distance and even in inter-group communication. On the other side, contact calls
and in general vocalizations that may serve the intra-group and short-range communication, do not
have to face such kinds of obstacles and may show a more graded structure.
Supplementary Materials: The following are available online at http://www.mdpi.com/2076-2615/9/5/243/s1,
Figure S1: Sound spectrograms of Indri indri vocal types (I), Figure S2: Sound spectrograms of Indri indri vocal
types (II).
Author Contributions: Conceptualization, D.V. and M.G.; data curation, D.V., M.G., O.F.; formal analysis, D.V.
and M.G.; investigation, D.V., M.G., V.T., C.D.G.; methodology, D.V. and M.G.; resources, D.V., M.G., V.T.,
C.D.G, C.G., L.M.; supervision, M.G.; validation, D.V., M.G., V.T., C.D.G.; visualization, D.V., M.G., V.T., C.D.G.;
writing—original draft preparation, D.V.; writing—review and editing, D.V., M.G., V.T., C.D.G., L.M.; R.M.R; O.F.
Funding: This research was supported by the University of Torino and the Parco Natura Viva—Garda Zoological
Parks, with the financial assistance of UIZA–Italiana Association of Zoos and Aquaria.
Acknowledgments: We are grateful to GERP (Groupe d’Étude et des Recherche sur les Primates de Madagascar)
for their help in the organization of the field activities and to Cesare Avesani Zaborra and Caterina Spiezio
for their precious support. We also thank the local field guides and the field assistants helping during the
data collection. We have received permits for this research, each year except 2013 (when data collection did
Animals 2019, 9, 243 10 of 13
not require a permit because performed by Malagasy citizens only), from “Direction des Eaux et Forets” and
“Madagascar National Parks” (formerly ANGAP): 2004 [N 190/MINENV.EF/ SG/DGEF/DPB/SCBLF/RECH]
2005 [N 197/MINENV.EF/SG/DGEF/DPB/ SCBLF/RECH], 2006 [N 172/06/MINENV.EF/SG/DGEF/DPB/SCBLF],
2007 [N 0220/07/MINENV.EF/SG/DGEF/DPSAP/SSE], 2008 [N 258/08/MEFT/SG/ DGEF/DSAP/SSE], 2009 [N
243/09/MEF/SG/DGF/DCB.SAP/SLRSE], 2010 [N 118/10/MEF/SG/DGF/DCB.SAP/SCBSE] and [293/10/MEF/SG/
DGF/DCB.SAP/SCB], 2011 [N 274/11/MEF/SG/DGF/DCB.SAP/SCB], 2012 [N 245/12/MEF/ SG/DGF/DCB.SAP/
SCB], 2014 [N066/14/MEF/SG/DGF/DCB.SAP/SCB], 2015 [N 180/15/MEEMF/SG/DGF/DAPT/SCBT], 2016 [N
98/ 16/MEEMF/SG/DGF/DAPT/SCB.Re] and [N 217/16/MEEMF/SG/DGF/DSAP/SCB.Re], 2017 (73/17/MEEF/SG/
DGF/DSAP/SCB.RE), 2018 (91/18/MEEF/SG/DGF/DSAP/SCB.Re).
Conflicts of Interest: The authors declare no conflict of interest.
References
1. Valletta, J.J.; Torney, C.; Kings, M.; Thornton, A.; Madden, J. Applications of machine learning in animal
behaviour studies. Anim. Behav. 2017, 124, 203–220. [CrossRef]
2. Zheng, J.; Qiu, H.; Xu, X.; Wang, W.; Huang, Q. Fast Discriminative Stochastic Neighbor Embedding Analysis.
Comput. Math. Methods Med. 2013, 2013, 106867. [CrossRef]
3. Piles, M.; Díez, J.; del Coz, J.J.; Montañés, E.; Quevedo, J.R.; Ramon, J.; Rafel, O.; López-Béjar, M.; Tusell, L.
Predicting fertility from seminal traits: Performance of several parametric and non-parametric procedures.
Livest Sci. 2013, 155, 137–147. [CrossRef]
4. Cox, M.A.; Cox, T.F. Multidimensional Scaling; Chapman & Hall/CRC: Boca Raton, FL, USA, 2001.
5. Jolliffe, I.T. Principal Component Analysis; Springer: New York, NY, USA, 1986. [CrossRef]
6. Tenenbaum, J.B.; Silva, V.; Langford, J.C. A Global Geometric Framework for Nonlinear Dimensionality
Reduction. Science 2000, 290, 2319. [CrossRef]
7. Cook, J.A.; Sutskever, I.; Mnih, A.; Hinton, G.E. Visualizing similarity data with a mixture of maps.
In Proceedings of the 11th International Conference on Artificial Intelligence and Statistics, San Juan,
Puerto Rico, 21–24 March 2007; pp. 67–74.
8. Hinton, G.; Roweis, S. Stochastic neighbor embedding. Adv. Neural Inf. Process. Syst. 2002, 15, 833–840.
9. Roweis, S.T.; Saul, L.K. Nonlinear Dimensionality Reduction by Locally Linear Embedding. Science 2000,
290, 2323. [CrossRef]
10. Van der Maaten, L.J.P.; Hinton, G. Visualizing data using t-SNE. J. Mach. Learn. Res. 2008, 9, 2579–2605.
11. Van der Maaten, L.J.P.; Postma, E.O. Proceedings of the SPIE Optical Engineering and Applications.
Tescher, A., Ed.; The International Society for Optical Engineering: San Diego, CA, USA, 2010; Volume 7798.
12. Platzer, A. Visualization of SNPs with t-SNE. PLoS ONE 2013, 8, e56883. [CrossRef] [PubMed]
13. Jamieson, A.R.; Giger, M.L.; Drukker, K.; Li, H.; Yuan, Y.; Bhooshan, N. Exploring nonlinear feature space
dimension reduction and data representation in breast CADx with Laplacian Eigenmaps and t-SNE. Med. Phys.
2010, 37, 339–351. [CrossRef] [PubMed]
14. Acuff, N.V.; Linden, J. Using Visualization of t-Distributed Stochastic Neighbor Embedding to Identify
Immune Cell Subsets in Mouse Tumors. J. Immunol. 2017, 198, 4539–4546. [CrossRef]
15. Bittner, R.M.; Salamon, J.; Bosch, J.J.; Bello, J.P. Pitch Contours as a Mid-Level Representation for Music
Informatics. In Proceedings of the Audio Engineering Society Conference: 2017 AES International Conference
on Semantic Audio, Erlangen, Germany, 22–24 June 2017.
16. Cho, K.; van Merriënboer, B.; Gulcehre, C.; Bougares, F.; Schwenk, H.; Bahdanau, D.; Bengio, Y. Learning
Phrase Representations using RNN Encoder–Decoder for Statistical Machine Translation. In Proceedings
of the Conference on Empirical Methods in Natural Language Processing (EMNLP), Doha, Qatar,
25–29 October 2014; pp. 1724–1734.
17. Hamel, P.; Eck, D. Learning features from music audio with deep belief networks. In Proceedings of the 11th
International Society for Music Information Retrieval Conference (ISMIR 2010), Utrecht, The Netherlands,
9–13 August 2010.
18. Panteli, M.; Bittner, R.; Bello, J.P.; Dixon, S. Towards the characterization of singing styles in world music.
In Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP),
New Orleans, LA, USA, 5–9 March 2017.
Animals 2019, 9, 243 11 of 13
19. Charan, R.; Manisha, A.; Karthik, R.; Kumar, R.M. A text-independent speaker verification model:
A comparative analysis. In Proceedings of the IEEE International Conference on Intelligent Computing and
Control (I2C2), Tamil Nadu, India, 23–24 June 2017.
20. Berman, G.J.; Choi, D.M.; Bialek, W.; Shaevitz, J.W. Mapping the stereotyped behaviour of freely moving
fruit flies. J. R. Soc. Interface 2014, 11, 20140672. [CrossRef]
21. Gamba, M.; Friard, O.; Riondato, I.; Righini, R.; Colombo, C.; Miaretsoa, L.; Torti, V.; Nadhurou, B.;
Giacoma, C. Comparative analysis of the vocal repertoire of Eulemur: A dynamic time warping approach.
Int. J. Primatol. 2015, 36, 894–910. [CrossRef]
22. Green, S. Communication by a graded vocal system in Japanese monkeys. In Primate Behaviour;
Rosenblum, L.A., Ed.; Academic Press: New York, NY, USA, 1975; pp. 1–102.
23. Hammerschmidt, K.; Fischer, J. The vocal repertoire of Barbary macaques: A quantitative analysis of a
graded signal system. Ethology 1998, 104, 203–216. [CrossRef]
24. Zuberbühler, K.; Noë, R.; Seyfarth, R.M. Diana monkey long-distance calls: Messages for conspecifics and
predators. Anim. Behav. 1997, 53, 589–604. [CrossRef]
25. Arnold, K.; Zuberbühler, K. The alarm calling system of adult male putty-nosed monkeys (Cercopithecus
nictitans martini). Anim. Behav. 2006, 72, 643–653. [CrossRef]
26. Marler, P. The structure of animal communication sounds. In Recognition of Complex Acoustic Signals;
Bullock, T.H., Evans, E.F., Eds.; Dahlem Konferenzen: Berlin, Germany, 1977; pp. 17–35.
27. Kenaan, S.; Lemasson, A.; Zuberbühler, K. Graded or discrete? A quantitative analysis of Campbell’s monkey
alarm calls. Anim. Behav. 2013, 85, 109–118. [CrossRef]
28. Peckre, L.; Kappeler, P.M.; Fichtel, C. Clarifying and expanding the social complexity hypothesis for
communicative complexity. Behav. Ecol. Sociobiol. 2019, 73, 11. [CrossRef]
29. Wadewitz, P.; Hammerschmidt, K.; Battaglia, D.; Witt, A.; Wolf, F.; Fischer, J. Characterizing vocal
repertoires—Hard vs. soft classification approaches. PLoS ONE 2015, 10, e0125785. [CrossRef]
30. Bouchet, H.; Blois-Heulin, C.; Lemasson, A. Social complexity parallels vocal complexity: A comparison of
three non-human primate species. Front. Psychol. 2013, 4, 390. [CrossRef]
31. Manser, M.B.; Seyfarth, R.M.; Cheney, D.L. Suricate alarm calls signal predator class and urgency.
Trends Cogn. Sci. 2002, 6, 55–57. [CrossRef]
32. Fischer, J.; Wadewitz, P.; Hammerschmidt, K. Structural variability and communicative complexity in acoustic
communication. Anim. Behav. 2016, 134, 229–237. [CrossRef]
33. McCowan, B. A New Quantitative Technique for Categorizing Whistles Using Simulated Signals and Whistles
from Captive Bottlenose Dolphins (Delphinidae, Tursiops truncatus). Ethology 1995, 100, 177–193. [CrossRef]
34. Snowdon, C.T.; Elowson, A.M.; Roush, R.S. Social influences on vocal development in new world primates.
In Social Influences on Vocal Development; Snowdon, C.T., Elowson, A.M., Eds.; Cambridge University Press:
Cambridge, UK, 1997; pp. 234–248.
35. Lemasson, A.; Hausberger, M. Acoustic variability and social significance of calls in female Campbell’s
monkeys (Cercopithecus campbelli campbelli). J. Acoust. Soc. Am. 2011, 129, 3341–3352. [CrossRef]
[PubMed]
36. McComb, K.; Semple, S. Coevolution of vocal communication and sociality in primates. Biol. Lett. 2005, 1,
381–385. [CrossRef] [PubMed]
37. Altmann, J. Observational study of behavior: Sampling methods. Behaviour 1974, 49, 227–267. [CrossRef]
[PubMed]
38. Boersma, P.; Weenink, D. Praat: Doing Phonetics by Computer [Computer Program]. Version 6.0.28. 2017.
Available online: http://www.praat.org/ (accessed on 23 March 2017).
39. Maretti, G.; Sorrentino, V.; Finomana, A.; Gamba, M.; Giacoma, C. Not just a pretty song: An overview of the
vocal repertoire of Indri indri. J. Anthropol. Sci. 2010, 88, 151–165. [PubMed]
40. Gamba, M.; Torti, V.; Estienne, V.; Randrianarison, R.M.; Valente, D.; Rovara, P.; Bonadonna, G.; Friard, O.;
Giacoma, C. Indris have got rhythm! Timing and pitch variation of a primate song examined between sexes
and age Classes. Front. Neurosci. 2016, 10, 249. [CrossRef] [PubMed]
41. Macedonia, J.; Stanger, K. Phylogeny of the Lemuridae Revisited: Evidence from Communication Signals.
Folia Primatol. 1994, 63, 1–43. [CrossRef]
42. Krijthe, J.H. Rtsne: T-Distributed Stochastic Neighbor Embedding Using a Barnes-Hut Implementation. 2015.
Available online: https://github.com/jkrijthe/Rtsne (accessed on 8 February 2019).
Animals 2019, 9, 243 12 of 13
43. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing:
Vienna, Austria, 2018; Available online: https://www.R-project.org/ (accessed on 23 April 2018).
44. MacQueen, J.B. Some Methods for classification and Analysis of Multivariate Observations. In Proceedings
of the 5th Berkeley Symposium on Mathematical Statistics and Probability; University of California Press:
Berkeley, CA, USA; Los Angeles, CA, USA, 1967; Volume 1, pp. 281–297.
45. Frank, E.; Hall, M.A.; Witten, I.H. The WEKA Workbench. Online Appendix for Data Mining: Practical Machine
Learning Tools and Techniques, 4th ed.; Morgan Kaufmann: Burlington, MA, USA, 2016.
46. Hornik, K.; Stinchcombe, M.; White, H. Multi-layer feedforward networks are universal approximators.
Neural Netw. 1989, 2, 359–366. [CrossRef]
47. Schalkoff, R. Pattern Recognition: Statistical, Structural and Neural Approaches; John Wiley & Sons: New York,
NY, USA, 1992; p. 364.
48. Sueur, J.; Aubin, T.; Simonis, C. Seewave: A free modular tool for sound analysis and synthesis. Bioacoustics
2008, 18, 213–226. [CrossRef]
49. Sueur, J. What Is Sound? In Sound Analysis and Synthesis with R; Use R! Series; Springer: Cham, Switzerland, 2018.
[CrossRef]
50. Pozzi, L.; Gamba, M.; Giacoma, C. The Use of Artificial Neural Networks to Classify Primate Vocalizations:
A Pilot Study on Black Lemurs. Am. J. Primatol. 2010, 72, 337–348. [CrossRef] [PubMed]
51. Mosavi, M.R.; Khishe, M.; Naseri, M.J.; Parvizi, G.R.; Ayat, M. Multi-Layer Perceptron Neural Network
Utilizing Adaptive Best-Mass Gravitational Search Algorithm to Classify Sonar Dataset. Arch. Acoust. 2019,
44, 137–151.
52. Petter, J.J.; Charles-Dominique, P. Vocal communication in prosimians. In The Study of Prosimian Behaviour;
Doyle, G.A., Martin, R.D., Eds.; New York Academic Press: New York, NY, USA, 1979; pp. 272–282.
53. Bouchet, H.; Blois-Heulin, C.; Pellier, A.S.; Zuberbühler, K.; Lemasson, A. Acoustic variability and individual
distinctiveness in the vocal repertoire of red-capped mangabeys (Cercocebus torquatus). J. Comp. Psychol. 2012,
126, 45–56. [CrossRef] [PubMed]
54. Hammerschmidt, K.; Fischer, J. Baboon vocal repertoires and the evolution of primate vocal diversity.
J. Hum. Evol. 2018, 126, 1–13. [CrossRef]
55. Pollock, J.I. Field observations on Indri indri: A preliminary report. In Lemur Biology; Tattersall, I., Sussman, R.,
Eds.; Plenum Press: New York, NY, USA, 1975; pp. 28–31.
56. Hauser, M.D. Vocal communication in macaques: Causes of variation. In Evolutionary Ecology and Behavior of
Macaques; Fa, J.E., Lindburg, D., Eds.; Cambridge University Press: Cambridge, UK, 1996; pp. 551–578.
57. Fuller, J.L. The Vocal Repertoire of Adult Male Blue Monkeys (Cercopithecus mitis stulmanni): A Quantitative
Analysis of Acoustic Structure. Am. J. Primatol. 2014, 76, 203–216. [CrossRef]
58. Fichtel, C.; Kappeler, P.M. Anti-predator behavior of group-living Malagasy primates: Mixed evidence for a
referential alarm call system. Behav. Ecol. Sociobiol. 2002, 51, 262–275. [CrossRef]
59. Cäsar, C.; Zuberbühler, K. Referential alarm calling behaviour in New World primates. Curr. Zool. 2012, 58,
680–697. [CrossRef]
60. Price, T.; Wadewitz, P.; Cheney, D.; Seyfarth, R.; Hammerschmidt, K.; Fischer, J. Vervet revisited: A quantitative
analysis of alarm call structure and context specificity. Sci. Rep. 2015, 5, 13220. [CrossRef] [PubMed]
61. Riondato, I.; Cissello, E.; Papale, E.; Friard, O.; Gamba, M.; Giacoma, C. Unsupervised Acoustic Analysis
of the Vocal Repertoire of the Gray-Shanked Douc Langur (Pygathrix cinerea). J. Comput. Acoust. 2017, 25,
1750018. [CrossRef]
62. Bonadonna, G.; Torti, V.; Randrianarison, R.M.; Martinet, N.; Gamba, M.; Giacoma, C. Behavioral correlates
of extra-pair copulation in Indri indri. Primates 2014, 55, 119–123. [CrossRef] [PubMed]
63. Tecot, S.R. Seasonality and Predictability: The Hormonal and Behavioral Responses of the Red-Bellied Lemur,
Eulemur rubriventer, in Southeastern Madagascar. Ph.D. Dissertation, University of Texas, Austin, TX, USA,
2008.
64. Mitani, J.C. Comparative field studies of African ape vocal behavior. In Great Ape Societies; McGrew, W.,
Marchant, L., Nishida, T., Eds.; Cambridge University Press: Cambridge, UK, 1996; pp. 241–254. [CrossRef]
65. Riondato, I.; Giuntini, M.; Gamba, M.; Giacoma, C. Vocalization of red- and grey-shanked douc langurs
(Pygathrix nemaeus and P. cinerea). Vietnam. J. Primatol. 2013, 2, 75–82.
Animals 2019, 9, 243 13 of 13
66. Kawabe, M.; Mano, T. Ecology and behavior of the wild proboscis monkey, Nasalis larvatus (Wurmb), in Sabah,
Malaysia. Primates 1972, 13, 213–227. [CrossRef]
67. Röper, K.M.; Scheumann, M.; Wiechert, A.B.; Nathan, S.; Goossens, B.; Owren, M.K.; Zimmermann, E.
Vocal acoustics in the endangered proboscis monkey (Nasalis larvatus). Am. J. Primatol. 2014, 76, 192–201.
[CrossRef] [PubMed]
68. Marler, P. On the origin of speech from animal sounds. In The Role of Speech in Language; Kavanagh, J.F.,
Cutting, J., Eds.; MIT Press: Cambridge, MA, USA, 1975; pp. 11–37.
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
